Finding evidence is of vital importance in research as well as fact checking and an evidence detection method would be useful in speeding up this process. However, when addressing a new topic there is no training data and there are two approaches to get started. One could use large amounts of out-of-domain data to train a state-of-the-art method, or to use the small data that a person creates while working on the topic. In this paper, we address this problem in two steps. First, by simulating users who read source documents and label sentences they can use as evidence, thereby creating small amounts of training data for an interactively trained evidence detection model; and second, by comparing such an interactively trained model against a pre-trained model that has been trained on large out-of-domain data. We found that an interactively trained model not only often out-performs a state-of-the-art model but also requires significantly lower amounts of computational resources. Therefore, especially when computational resources are scarce, e.g. no GPU available, training a smaller model on the fly is preferable to training a well generalising but resource hungry out-of-domain model.
Introduction
Evidence is a crucial prerequisite for research, forming an opinion, and fact checking. Scholars spend vast amounts of time reading through countless books and other documents to find evidence relevant to their research; fact checkers read through innumerable documents to find evidence to (in)validate popular claims.
Evidence Detection (ED) aims at supporting these activities by finding textual evidence and thereby reducing the amount of reading required by a human. In this paper, we define evidence similar to Shnarch et al. (2018) as a sentence that either supports or contradicts a controversial topic, e.g. we should ban gambling and is categorisable as expert opinion, anecdote, or study data (figure 1) . This is similar to premise detection in argument mining, but requires the additional filtering for these particular types.
A 2010 Australian hospital study found that 17% of suicidal patients admitted to the Alfred Hospital's emergency department were problem gamblers. In this paper, we focus on the following scenario. Suppose a group of fact checkers is evaluating a set of claims that are gaining popularity. They start by distributing the claims among each other and downloading relevant articles from Wikipedia. They then intend to use an ED method to help them collect the evidence but are faced with the question of where to get the training data from. First, they could use the data that has been compiled for previous claims; or second, train a model interactively. The former approach introduces a domain shift, while the latter turns ED into a small data problem.
From this we developed our research questions
(1) Does a simple but interactively trained model out-perform a state-of-the-art model that was trained on out-of-domain data?
(2) What amount of in-domain training data is required to out-perform the state-of-the-art model trained on out-of-domain data?
We investigated the first research question by comparing the results of static models that have been trained on out-of-domain data with ones that learn on the in-domain data. As out-of-domain model we chose BERT (Devlin et al., 2018) because it performs well on both ED and Argument Mining (AM) (Reimers et al., 2019) . As indomain trained model we chose a topic agnostic BiLSTM which performed well in in-domain experiments in AM . We chose a topic agnostic model because each user is working on only one topic which doesn't change between samples and therefore contains no additional information. To address the cold-start problem, we also evaluated a similar topic agnostic model that has been pre-trained on the out-of-domain data and was then fine-tuned on the in-domain data. We did not fine-tune BERT on the in-domain data, because we consider the datasets too small. Figure 2 shows the relationship between the different domains and models. To investigate our second research question, we used simulated users who each trained a personalised ED model interactively. We then compared the quality of the interactively trained or fine-tuned models with the static BERT trained on out-of-domain data. We also investigated the robustness of our results interactively fine-tuning a model for AM. We chose AM, because it is similar in that it contains arguments (pro and contra) on a controversial topic, such as nuclear energy. The contributions of this paper are three fold. (1) A much simpler model can out-perform a state-of-the-art model when given in-domain training data, (2) that often only a few documents for training are required, and (3) a more realistic evaluation interactive ED than random downsampling and the datasets used in our experiments.
Related Work
This paper touches three areas of research, namely the overarching field of claim validation, the task domain (ED and AM) with small data, and the interaction of Natural Language Processing (NLP) components with users.
Claim Validation Reasoning about the validity of a particular claim can be separated into three sub-tasks: document retrieval to find documents related to the claim, ED to find the relevant pieces of evidence that support or contradict the claim, and Textual Entailment (TE) to determine whether the claim follows from the evidence. The FEVER shared tasks follows this approach (Thorne et al., 2018; Thorne and Vlachos, 2019) . Other approaches, such as TwoWingOS (Yin and Roth, 2018) and DeClarE (Popat et al., 2018) combine the ED and TE models into a single end-toend method. Ma et al. (2019) used two pre-trained models, one for ED and one for TE which are then jointly fine-tuned. While presenting promising results, all of these approaches rely on static models that are trained beforehand and do not learn from the user.
Evidence detection and argument mining
Much focus of ED has been in on supporting decision making (Hua and Wang, 2017) or to find evidence for debating (Rinott et al., 2015; Aharoni et al., 2014) . Evidence detection can be seen as a sub-task of AM. Argument mining is an established task within NLP with different foci, e.g. parsing arguments from student essays (Stab and Gurevych, 2017) or extracting topic related argumentative sentences from Wikipedia articles (Levy et al., 2018) . Still, the cold-start problem for new domains and topics remains and multiple approaches have been suggested to address it. One approach is to increase the generalisability of a learned AM model, either by adding topic information or by using distant supervision with automatically extracted data from debate portals (Al-Khatib et al., 2016) . A similar method was used by Shnarch et al. (2018) who combined weakly and strongly labeled data to reduce the necessary amount of expensive to create strongly labeled data for ED. Schulz et al. (2018a) on the other hand, used multi-task learning with artificially shrunk target datasets. However, artificially shrinking a dataset to a pre-defined number of samples is not a realistic simulation method for interactive learning because it does not take the content of a document and resulting bias in the training data into account. While the previous approaches mostly worked with large amounts of data, some work with smaller datasets was conducted in the medical domain. For instance finding and classifying evidence in the abstracts of research articles (Shardlow et al., 2018; Mayer et al., 2018) . However, neither of these approaches consider learning interactively from users.
Interactive NLP Combining NLP components with direct human interactions generally serves either the system or the user. Focussing on the system side is generally done to support the process of annotation for a dataset, such as improving dependency parsing of historical documents (Eckhoff and Berdicevskis, 2016) via pre-annotation. Moreover, learning directly from users is beneficial from the first sentence on in dependency parsing (Ulinski et al., 2016) . Another common approach is to use active learning to reduce the amount of data to train a model (Kasai et al., 2019; Lin et al., 2019) . While these approaches are beneficial in creating annotated data or speeding up the training of a model, they focus on the goal of the system. Focussing on the goal of the users, on the other hand, is all about benefiting the user, for instance supporting teachers in evaluating the diagnostic reasoning abilities of students (Schulz et al., 2018b) . The INCEpTION (Klie et al., 2018) platform also focusses on the user's goals by learning from users to assist them in their annotation work. However, all these approaches assume the task to be independent from the individual user, which Stahlhut et al. (2018) showed to not be the case for ED. This is especially important, because the system's recommendations do influence what the user annotates (Fort and Sagot, 2010) . The SHER-LOCK system (P.V.S. et al., 2018) does does offer user specific results, but is not focussed on ED but multi-document summarisation.
Interactive Evidence Detection
For our experiments, we defined ED as extracting sentences from a collection of documents D that are evidential 1 regarding a controversial topic. Interactive ED considers the same task in combination with a user who provides the documents and order in which they are processed, as well as corrections of the predictions of the ED model m.
User simulation
Unlabeled docs User Figure 3 : The user picks one unlabeled document and annotates the evidential sentences. After processing the document, it gets added to the training data for a newly trained model. Afterwards, the user picks the next document which contains suggestions from the model. Each user sorts all documents that are relevant to their topic in alphabetical order and proceeds to read one document at a time. While reading the first document d 1 ∈ D, the user labels each sentence they find evidential regarding the topic as evidence. After reading the entire document d 1 they proceed to the next one d 2 without returning to the previous one d 1 . The document d 1 is then added to the training data and the interactive training begins with the training of the model m 1 .
When the user opens the next document d 2 , it already contains suggestions regarding evidential sentences by the model m 1 . The user then accepts correct suggestions of evidential sentences, rejects incorrect suggestions, and labels missed pieces of evidence. After the user finishes reading and correcting the labels of all sentences, the amount of training data again increases and a new model m 2 is trained on them. This cycle continues until the user opens the last document d T , T = |D| which shows suggestions made by the previously trained model m T −1 . Figure 3 illustrates our simulation and interactive training.
Measure of work-load
In our simulation, we also required a measure that allows us to compare the amount of work a user has to perform to correct the suggestions of different models. This includes not only the incorrectly suggested evidential sentences, but also the missing ones. We therefore defined an error rate that accounts for incorrect, as well as missing suggestions of evidence. Formally, we defined the error rate E as the sum of the false discovery rate and false omission rate, or
with P being the precision and R being the recall on the evidence class.
Measurement of minimal amount of training data
To answer our second research question, we needed to measure the minimum amount of training documents µ required to out-perform a static model, which we defined as
where R is the sequence of error-rates through time t ∈ {1, . . . , T } and B is the average errorrate of the baseline.
Data and Models

Datasets and data preparation
We used three different datasets as in-domain data for our evaluation. For ED we used two datasets, namely ED-ACL-2014 published by Aharoni et al. (2014) and ED-EMNLP-2015 published by Rinott et al. (2015) . As out-of-domain data, we used a dataset published by Shnarch et al. (2018) , named ED-ACL-2018. 2 For AM, we used the dataset provided by .
Data preparation To run the user simulation, we needed to convert the data from collections of evidential sentences to documents with sentences labeled as evidential or not. 3 We converted all three datasets into topic related collections of documents with sentential annotations. That means we took all documents that are relevant to a particular topic and labeled all sentences that are evidential towards this topic in each of these documents.
For evidential sequences that are more than one sentence long, we first segmented them into individual sentences via NLTK. 4 To avoid problems due to errors in the sentence segmentation, we ignored all evidential sentences with a length of less than three tokens. The resulting datasets are highly biased towards non-evidential sentences.
ED-ACL-2014 The first ED dataset contains 12 topics and 315 articles from Wikipedia as source with 143 containing evidence. The individual pieces of evidence can be up to 16 sentences long with about half being exactly one sentence and about 90% being up to three sentences in length.
ED-EMNLP-2015
The second dataset consists of 58 topics, 19 of which are for development purposes, and 2.3k hypotheses. Of these hypotheses, 1.4k are supported by at least one piece of evidence from Wikipedia articles. The dataset uses 1.3k Wikipedia articles as source for the evidence, of which 547 contain at least one piece of evidence. We decided to exclude twelve of the test topics due to their large overlap with the ED-ACL-2014 dataset, leaving 27 test topics.
ED-ACL-2018
As out-of-domain data for the pre-trained ED models we chose the dataset presented by Shnarch et al. (2018) . It contains 4k topic evidence pairs as training data and 1.7k pairs as testing data. We pre-trained models exclusively on the training data so that we could use the testing data for comparison with published literature. Argument mining The AM corpus consists of about 25k sentences that are evidential (distinguishing supporting from contradicting evidence) or non-evidential regarding one of eight topics. The sentences of each topic were extracted from the 50 highest ranking documents retrieved by an external search engine. In our processing, we labeled the evidential sentences in the original documents. This lead to a change in number of sentences and pieces of evidence as table 2 shows. When separated into in-and out-of-domain data, we selected all documents of one topic as indomain data, and the training data of the other seven as out-of-domain data.
Documents Sentences Evidence
Original -25492  11139  Converted  400  39577  11538 5   Table 2 : Statistics on the AM dataset before and after the data preparation.
Models
We built two interactively trained models, bilstm direct and bilstm fine , and used BERT as static model trained on the out-of-domain data. We refer to the bilstm fine after its pre-training but before additional fine tuning as bilstm pre . Table 3 shows the models and which data they are trained on, ouf-of-domain, in-domain, or both. We decided to use a BiLSTM with 100 nodes, a dense layer for classification, and no input for the topic for these experiments because the in-domain training data is small and always specific to a single topic. All interactively trained models used 100-dimensional GloVe embeddings (Pennington et al., 2014) as input features and a dropout of 0.5 after the embedding layer and before the classification layer. We addressed the class imbalance by weighting the classes similar to King and Zeng (2001) using the implementation provided by scikit-learn. 6 To reduce the effect of the random initialisation, we repeated all experiments with 10 different randomisation seeds. bilstm direct The directly trained model was trained as described above and received no additional input. We trained this model for 10 epochs in each iteration with one additional training document.
bilstm pre The pre-trained model uses the same architecture than the directly trained one. We changed no hyper-parameter except the number of epochs compared to the directly trained model. That means, we trained the bilstm pre model for five epochs on the out-of-domain training data and used a learning rate of 0.001 with a dropout of 0.5.
bilstm fine For fine-tuning, we replaced the classification layer of the bilstm pre model with a new one and trained this new layer for five epochs with a learning rate of 0.001. Afterwards, we unfroze the other layers and trained the complete network for five more epochs with a learning rate of 0.001. This is similar to gradual unfreezing, presented by Howard and Ruder (2018) .
BERT Short for Bidirectional Encoder Representations from Transformers. We chose the BERT base model (Devlin et al., 2018) as static model, since it outperforms previously published models on both tasks (Reimers et al., 2019) . We fine-tuned it for three epochs on the out-of-domain data. We provided the model with the candidate sentence, as well as the topic, because we finetuned the model across multiple topics of the training data and used the same model for prediction across all topics in the in-domain data. We used a PyTorch based implementation provided by Huggingface 7 .
Experiments
Evaluation of pre-trained models
We evaluated the pre-trained models on the testing data of their pre-training domain. That means that in the case of ED, we trained and evaluated the models on the ED-ACL-2018 dataset. For AM, we conducted a leave-one-topic-out evaluation, training on the training data of the training topics and evaluated on the testing data of the left-out topic. The table 5 shows the quality of the pre-trained models for both the ED and AM experiments with macro-averaged F1, precision, and recall. BERT clearly out-performed the topic agnostic model bilstm pre by a margin of almost 18pp macro F1 score for ED. For AM, BERT also clearly out-performed the topic agnostic model by about 7 https://github.com/huggingface/ pytorch-pretrained-BERT 17pp macro-F1 score in binary classification of evidence/no-evidence.
Static evaluation
In the static evaluation, we compared the performance of the static model with the interactively trained ones after having been trained with all training documents. We conducted the experiments in a leave-one-document-out fashion for each topic separately. Table 4 shows the results of the static evaluation. We found that although BERT reached the highest macro F1 score on the ED-ACL-2014 dataset, it did not perform better than the fine-tuned model when looking at the evidence F1 score due to its lower recall. On the ED-EMNLP-2015 dataset, all three models improved compared to the ED-ACL-2014 dataset. Furthermore, both interactively trained models improved more than BERT, increasing the gap when performing better.
We conducted the experiments on the AM data also in a leave-one-document-out fashion for each interactively processed topic, using the training data of the other topics for pre-training. We found that BERT out-performed bilstm fine by about 7pp macro F1 score, which is a considerable smaller margin than before fine-tuning. Moreover, the difference varies between the individual metrics, being closer in evidence F1 score and in evidence recall the bilstm fine model even out-performs BERT.
Interactive evaluation
To avoid irregularities due to changes in number of pieces of evidence and length of a document between different amounts of training data, we cal-culated the error-rate in a leave-one-document out fashion. This means, instead of calculating the error-rate, defined by (1), on the next document the user opens which might have a different number of pieces of evidence, we calculated it on a leftout one. The left-out document then remains the same across the experiment with increasing number of training documents. We then repeated this process with each document being left-out once. As before, we repeated the experiments with ten different randomisation seeds. Table 6 shows that the bilstm fine model reached a lower error-rate and therefore requires less work for the user to correct than BERT on the ED-ACL-2014 dataset. It already did so after few training documents. On the ED-EMNLP-2015 dataset (table 7) , we found that both interactively trained models generally out-perform the static BERT and that they reach a lower error-rate often already after one or two training documents. When comparing the interactively trained models, we found that the bilstm fine often reaches slightly better results than the bilstm direct model. BERT reached the lowest overall error-rate on topic 6 which contained only two documents. We selected the topics 1, 5, 18 and 8 for a more detailed analysis with a focus on the amount of work a user would have to do to correct the suggestions of a model. Figure 4 shows that for topic 1 (figure 4a the bilstm fine model outperformed the bilstm direct model. In the case of the topics 18 and 5 (figures 4b and 4c), we found that the both interactively trained model learned at a similar rate. For topic 8 ( figure 4d ), on the other hand, neither interactively trained model reached the performance of BERT. 
Discussion
To understand the difference in quality between the ED-ACL-2014 and ED-ACL-2015 dataset we hypothesise that the annotators gained more experience which lead to a more consistent evidence annotation. This might also beneficial for machine learning. When creating the ED-ACL-2014 dataset, Aharoni et al. (2014) stated that they used five annotators that searched Wikipedia independently from each other for evidence on the same topic. Afterwards, they used five different annotators to accept or reject these annotations. Rinott et al. (2015) used the same process, although not for twelve but 58 topics. This means that the same annotator had the opportunity to work on many more topics than when constructing the ED-ACL-2014 dataset. To evaluate this hypothesis, we chose the twelve topics from the ED-EMNLP-2015 dataset which we excluded due to their large overlap with the topics of the ED-ACL-2014 dataset. While being very similar in topic and using the same Wikipedia articles as sources, they are not identical. Some hypotheses were added and others were removed. The bilstm fine and bilstm direct models improved considerable (≈9pp and ≈13pp respectively in evidence F1 score) on the later created dataset compared to the previously created one. To our surprise however, we found that in stark contrast to the other models, BERT's performance decreased. We assume that due to the larger number of topics, the annotators gained more experience and created more consistent annotations, making the ED-EMNLP-2015 dataset more machine learning friendly.
F1
Precision While BERT performed very well on the ED-ACL-2018 dataset, when tested on the ED-ACL-2014 and ED-EMNLP-2015 datasets, its perfor-mance dropped significantly. We developed two hypotheses that might explain this drop.
The topic labels used in the ED-EMNLP-2015 dataset are worded as debate motions which is different from the wording in the ED-ACL-2018 dataset. In the latter dataset, the topics are worded directly as a controversial statement, e.g. We should ban gambling, which is different from the wording as a debate motion This house would ban gambling. To test this hypothesis, we selected three topics from the ED-EMNLP-2015 dataset which also appear in ED training domain for BERT. We then updated the topic label to be the same as the one used in the training data for BERT and evaluated the effect this had on the performance. We found that the modification of the topic label to be more like the one used while training BERT increased the evidence F1 score by 1pp (table 9); the wording of the topic label therefore cannot be the reason for the low performance of BERT.
Precision Recall in-domain topic label 0.077 0.213 0.050 out-of-domain topic label 0.087 0.262 0.060 Table 9 : The results show only the evidence class and are macro-averaged across the three selected topics.
In our second hypothesis, we suggest that the sentence segmentation into partial evidence caused the dramatic drop in recall between the ED-ACL-2018 and other ED datasets. If so, then using the complete pieces of evidence that consist of multiple sentences would be classified correctly with much higher probability. We therefore also evaluated the recall that BERT reached on the multiple sentence long pieces of evidence on the previously selected three topics. We found that not segmenting the evidence increased the performance by almost 4pp to 0.098. This is too small to explain the observed drop in performance.
A possible influence on the minimum number of training documents µ is also the order in which the documents are processed. The error-rate of topic 1 in the ED-EMNLP-2015 dataset first decreased with the first four training documents and then varied. For topic 8, the error-rate increased with the amount of increasing training data. It is therefore possible that can also be dependent on the order of documents. However, as we defined the minimum number of training documents µ as the first document after which it out-performs the baseline, which means that there will be no subsequent reduction in performance below the baseline, we think that the influence is small and can be treated as additional noise. We decided to use an alphabetical order, because it is deterministic and does not add additional degrees of freedom which an ranking based order would, e.g. by using term frequency versus TF-IDF.
Conclusion
In this paper we investigated the question of whether to use large amounts of out-of-domain data or small amounts of interactively generated data to train an ED or AM model. To answer this question, we simulated users who read documents relevant to a particular topic and while doing so, generated training data for the interactively trained models. We also converted three existing datasets, two ED and one AM dataset, into collections of topic relevant documents of labeled sentences. We then used the simulated users working on the newly created corpora to interactively train a model and compared it to a state-of-theart static model, in our case BERT, that was finetuned on the out-of-domain data. We found that especially for ED the interactively trained models out-performed BERT in evidence F1 score. We also found that it would take the user less work to correct the predictions of an interactively trained model. Moreover, it often does so after only a few iterations. In AM, we found that although BERT performed best, it does so by a small margin.
We conclude from these results that unless computational resources are abundant, e.g. a GPU is available for training as well as prediction, it is better to train a model interactively, even if it is no longer state-of-the-art. This is especially important when considering constraints placed on interactive system that are used by multiple users in parallel. In the future, we intend apply these results to support real users in finding evidence by interactively training an ED model.
